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Background

PART ONE



Coupons allocation  

Requirements:

1. Maximizing users’ retention

2. Prevent the cost from 

exceeding the budget

3. Respond quickly to the 

changing business strategy



Previous work 

Uplift model

✓ Predicting the uses’ retention intent after receiving different coupons

Method: Logistics regression, Gradient boost decision tree

✓ Action selection of coupons allocation

Method: Linear programming

The graph comes from  “Google Research Football: A Novel Reinforcement Learning Environment” [AAAI’2020]

Disadvantages

✓ Aim to maximize the benefit in one day

✓ Ignore the future benefits in making decision



RL Offline RL

✓ Maximize the benefits during 

one episode of days
✓ Train the policy in an offline manner



Our work

Budget constrained offline reinforcement 
learning and evaluation with λ-

generalization (BCORLE(λ))

λ-generalization 
method

Resemble batch-
constrained Q-

learning (R-BCQ)

Random ensemble 
mixture evaluator 

(REM)



Core work

PART TWO



Problem formulation

Subject to

Objective function

Convert to Lagrangian problem

Subject to

Objective function



Theorem analysis

Assumption 1. There exists a policy π that satisfies the constraint ( )C b 

Assumption 2. Given      and      , if                          , then                        , where

and                                      .
a b

Assumption 3. There exists      and     , making the condition                    and

hold. 
a b

Theorem 1.            is monotonically non-increased with the increase of λ, i.e., 

If , then                          . 

Theorem 2. Under Assumption 2 and Assumption 3, their exists an optimal 

Lagrangian multiple variable      which can make its corresponding optimal 

policy        maximize the objective function J(π) while satisfying the budget 

constraint. 



Our approach:  BCORLE(λ) framework



λ-Generalization

Lagrangian problem
transformed

RL problem

The reward function to be optimized: 



λ-Generalization

1. Enlarge the transition tuples

where  

2.   Enlarge the training datasets

3.   Train the policy with different values of λ



Policy training: R-BCQ

✓ A generative model                  to drop state-action pairs which seldom 

appear in training dataset when selecting action. It is proposed to address 

the mismatch problem which causes that the estimated value of some 

state-action pairs deviate greatly from the true value.

✓ A multi-head network is employed to increase the robustness and 

generalization ability of the policy learning network and avoids the Q-value 

estimation bias problem, compared with common one-head network.

✓ Learned policy:

✓ Policy training:



Policy evaluation: REME 

✓ Employing the policy π when calculating the target evaluated value, unlike 

using the max operator in the policy learning.

✓ A multi-head network is employed increases the robustness and 

generalization ability of the policy evaluation network.

✓ The update of policy evaluation network:



Experiment results

PART Three



Experiment methodology

Studied problem:

✓ Does λ-generalization method help to reduce the computation 

overhead of policy training?

✓ How does BCORLE(λ) framework with R-BCQ algorithm perform in 

comparison to other state-of-the-art offline RL algorithms? 

✓ How does REME algorithm perform in comparison to other OPE 

algorithms?

✓ How do different values of λ in λ-generalization method affect the 

performance of proposed approach? 



Simulation experiments
Aim: 

ensure there is no risk or unaffordable cost when using the proposed method. 

Setup: 

✓ 10000 users

✓ Each user will receive a coupon after logging

✓ Each user logs into the simulation platform according to the user preference

✓ Time span : 30 days

✓ Action type : 21 items of coupons

✓ λ values : 0, 0.05, 0.1, … , 0.95, 1.0

✓ Reward : 1 when the user logs into the platform, 0 else.



Simulation experiments

The comparison results of 

computation overhead 

The errors of evaluated values



Real-world experiments

Real-world platform:

Taobao Deals, which is a mobile shopping app launched by Alibaba Group in 2020 with 

over 10 million daily active users.

Setup: 

✓ Datasets: over 2 million users’ daily check-in records

✓ Time span : 14 days from March 9th to March 22nd.

✓ Action type : 13 items of coupons

✓ The length of one episode : 7 days

✓ λ values : 0, 0.05, 0.1, … , 0.95, 1.0

✓ Reward : 0 when the user logs into the platform, -1 else

✓ Budget : 4.1 Yuan

✓ The value of δ : 0.1 Yuan



Real-world experiments

Selecting the policy with λ value The errors of evaluated values

The online results in Taobao Special Offer Edition app during two weeks.
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外卖技术部承担外卖业务的技术开发工作，包括用户洞察、智能交互及交易引导、商家经营、平台运营等方面的系统、数据和策略实现，目标

是为平台各参与角色提供高效易用的系统，持续迭代架构，保证稳定、安全、可扩展。在此基础上希望以技术服务并驱动业务发展，早日实现

日均亿单的业务目标。广告组负责外卖餐饮和新零售流量等多元流量变现工作，是支持公司业务发展的核心保障之一。

• 团队介绍

负责强化学习和运筹优化前沿算法的创新研究与探索，发表顶会论文和申请专利

研发适用于广告场景的深度强化学习算法，如广告智能出价、门店预算分配等算法

负责深度强化学习算法的模型开发、调试

• 岗位描述

2022年毕业

计算机或相关专业硕士以上学历，保持对领域最前沿技术的追踪

能熟练使用主流深度学习框架，如tensorflow、pytorch等，具备实现常用的（深度）强化学习算法能力

在人工智能会议和期刊发表过优秀论文，有顶级会议期刊发表经历者优先（NIPS, IJCAI, AAAI, ICML, ICLR，AAMAS等）

熟悉强化学习基本算法，使用过TRPO，BCQ，REM，CQL等算法者优先

• 岗位要求

美团外卖广告组2022校园招聘——强化学习/运筹优化方向

微信：tangbo4909

邮件：tangbo17@meituan.com

工作地：北京

• 联系方式

mailto:tangbo17@meituan.com

